Theses - Daytona Beach

Dissertations and Theses

12-1998

Classification of In-Flight Fatigue Cracks in Aircraft Structures
using Acoustic Emission and Neural Networks
Christopher Lee Rovik
Embry-Riddle Aeronautical University - Daytona Beach

Follow this and additional works at: https://commons.erau.edu/db-theses
Part of the Structures and Materials Commons

Scholarly Commons Citation
Rovik, Christopher Lee, "Classification of In-Flight Fatigue Cracks in Aircraft Structures using Acoustic
Emission and Neural Networks" (1998). Theses - Daytona Beach. 231.
https://commons.erau.edu/db-theses/231

This thesis is brought to you for free and open access by Embry-Riddle Aeronautical University – Daytona Beach at
ERAU Scholarly Commons. It has been accepted for inclusion in the Theses - Daytona Beach collection by an
authorized administrator of ERAU Scholarly Commons. For more information, please contact commons@erau.edu.

CLASSIFICATION OF IN-FLIGHT FATIGUE CRACKS IN AIRCRAFT
STRUCTURES USING ACOUSTIC EMISSION AND NEURAL NETWORKS

by
Christopher Lee Rovik

A Thesis Submitted to the Graduate Studies Office
in Partial Fulfillment of the Requirements for the Degree Of
Master of Science in Aerospace Engineering

Embry-Riddle Aeronautical University
Daytona Beach, Florida
December 1998

UMI Number: EP31818

INFORMATION TO USERS

The quality of this reproduction is dependent upon the quality of the copy
submitted. Broken or indistinct print, colored or poor quality illustrations
and photographs, print bleed-through, substandard margins, and improper
alignment can adversely affect reproduction.
In the unlikely event that the author did not send a complete manuscript
and there are missing pages, these will be noted. Also, if unauthorized
copyright material had to be removed, a note will indicate the deletion.

®

UMI

UMI Microform EP31818
Copyright 2011 by ProQuest LLC
All rights reserved. This microform edition is protected against
unauthorized copying under Title 17, United States Code.

ProQuest LLC
789 East Eisenhower Parkway
P.O. Box 1346
Ann Arbor, Ml 48106-1346

CLASSIFICATION OF IN-FLIGHT FATIGUE CRACKS IN AIRCRAFT
STRUCTURES USING ACOUSTIC EMISSION AND NEURAL NETWORKS

by
Christopher Lee Rovik

This thesis was prepared under the direction of the candidate's thesis committee
chairman, Dr. Eric v. K. Hill, Department of Aerospace Engineering, and has been
approved by the members of his thesis committee. It was submitted to the School of
Graduate Studies and Research and was accepted in partial fulfillment of the
requirements for the degree of Master of Science in Aerospace Engineering.

THESIS COMMITTEE:
3 „ i e v . fc', 74iPA

Dr. Eric v. K. Hill
Chairman

'/TDr. Frank J. Radosta
Member

James G. Ladesic
ember

/.

Dr. Allen I. Ormsbee
Department Chair, Aerospace Engineering

Date

11

ACKNOWLEDGEMENTS
This thesis represents the culmination of several years of work, both at the
undergraduate level, and continuing at the graduate level

My experience at the

University of Arizona laid the foundation for the further development of my skills.
Embry-Riddle Aeronautical University has broadened and strengthened those skills,
allowing me to conduct and complete this research.
The challenges associated with pursuing a Master of Science in Aerospace
Engineering have enriched my life further than I could ever have imagined. First and
foremost I would like to thank my parents, Joseph and Catherine Rovik. They gave me
the support and encouragement needed to accomplish my goals.
Dr. Eric v. K. Hill deserves my thanks for giving me the professional support and
skills necessary to conduct this research. His expertise in the areas of acoustic emission
and neural networks have proven to be invaluable resources. Dr. Hill provided the
guidance necessary to keep this research going. In addition, I would like to extend a
special thanks to Mr. Sam Vaughn, a fellow graduate student. His help conducting
experiments and analyzing data, which related to his research, have contributed by
increasing the quality of the research. I would also like to thank my thesis committee
members for their time, input, and criticisms, which were greatly appreciated.
Finally, this material was based upon work supported by the National Science
Foundation Grant # D M - 9503017 under a subcontract to Martingale Research
Corporation.

iii

ABSTRACT
Author:
Title:
Institution:
Degree:
Year:

Christopher Lee Rovik
Classification of In-Flight Fatigue Cracks in Aircraft Structures using
Acoustic Emission and Neural Networks
Embry-Riddle Aeronautical University
Master of Science in Aerospace Engineering
1998

The research encompassed within this paper deals with the analysis and
classification of fatigue cracks in aircraft structures. The particular structure that was
examined was the vertical tail section of a Cessna T-303 Crusader aircraft. The analysis
was performed using the nondestructive evaluation technique known as acoustic emission
(AE), as well as the artificial intelligence of neural networks. Data were taken in a
controlled laboratory environment as well as in a flying testbed aboard the aircraft.
The first part of the research involved the analysis of a typical aircraft structure in
a controlled laboratory environment. This support structure was fabricated from 7075-T6
aluminum, which is common in aircraft structures. Two different methods were used to
fatigue the support, an MTS tensile test machine and a shaker table. Extensive AE data
were taken throughout the laboratory tests in order to provide a known reference for the
identification of fatigue cracks.
The acoustic emission data derived from the laboratory tests were thoroughly
examined and sorted into three distinct mechanisms: fatigue cracking, plastic
deformation, and mechanical noise. The AE parameters associated with these
mechanisms were in turn used to train a neural network. The neural network used was
the Kohonen self-organizing map, as it is an excellent choice for the purpose of
classification.
Once the neural network was trained, it was possible to proceed to the second
stage of the research. A support structure, identical to the one used in the laboratory
tests, was installed in the vertical tail of the T-303 aircraft. Acoustic emission data were
gathered during all aspects of aircraft maneuvers, from the initial taxiing and takeoff to
the final approach and landing, including rolls and Dutch rolls.
The AE parameters recorded from the in-flight tests were processed using the
neural network trained in the first part of the research. Thus, the data were classified as
being indicative of fatigue cracking, plastic deformation, or rubbing. These mechanisms
were then analyzed with respect to the particular maneuver performed to further
understand the stresses associated with different maneuvers. As a result of the ability to
classify fatigue cracks, it is possible to develop a monitoring system for aircraft to
determine the existence of fatigue cracks before they grow to the point where they
become dangerous.
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1.0

INTRODUCTION

Since the early days of the aviation industry, safety has been a major concern.
Aircraft have always been expected to last longer than automobiles, their cousins of the
ground.

This is due to many factors, including the cost of aircraft, government

regulations, and the catastrophic consequences of failure. There are many problems that
arise from the fact that aircraft are expected to last so long.

One major source of

problems, which is the subject of this research, is the presence of fatigue cracks. For
many years, techniques have been developed and used to address the problem of fatigue
cracks. The ability to repair damage from fatigue cracks has not really been a problem,
but the detection of the cracks has been a major concern.
A fatigue crack is a crack that results from cyclic loading. Aircraft experience all
different types of fatigue loadings. Takeoffs and landings are very fundamental types of
cyclic loadings on aircraft. Cabin pressurization is also a type of cyclic loading, as the
fuselage of an aircraft is quite simply a large pressure vessel that undergoes a breathing
process as the plane pressurizes to accommodate passengers at higher altitudes.
Vibration is also a major source of fatigue cracking in aircraft. Vibrations are obviously
present due to atmospheric turbulence but also due to many factors related to the engines,
whether reciprocating or turbo-fan.
Detecting fatigue cracks in aircraft structures is important because, if left
unchecked, the cracks continue to grow. This varies in different aircraft structures and
different materials. For example the floor of the galley area of the Boeing 777 was
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originally going to be constructed from a relatively new aluminum lithium alloy. The
reason for this is that typical aluminum structures are susceptible to corrosion as a result
of the presence of fluids such as carbonated beverages. The aluminum lithium alloy is
not susceptible to these types of corrosion. However, problems were uncovered during
the development stage of the aircraft because it was discovered that the aluminum lithium
alloy developed cracks when it was drilled. These cracks did not grow under normal
usage; nevertheless, it was a source of concern. Eventually the Boeing Company decided
not to use the material out of concern that customers would question the quality of the
aircraft if these cracks were discovered [1].
Fatigue cracks grow or propagate. As a structure with a crack is cycled, the crack
will grow until it is stopped, for instance by grain boundaries. It would be beneficial to
develop a system to monitor the growth of fatigue cracks.
There are several methods used to detect fatigue cracks in aircraft. One of these
methods is eddy current testing. It is predominately used to find cracks present around
rivets. In addition to eddy current testing, radiographic testing is used extensively in the
commercial airline industry. The main disadvantages to radiographic testing are that it is
fairly expensive and extremely time consuming. One of the most widely used methods
for detecting fatigue cracks in aircraft was outlawed several years ago by the U.S.
government. This is due to the fact that cigarette smoking on all commercial airline
flights in the U.S. was outlawed. When a cabin is pressurized, small amounts of air leak
through the cracks in the skin. Nicotine stains are generally frowned upon when they
occur on your teeth; however, these same nicotine stains are very beneficial in an aircraft,
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as they show up as visible yellow lines on the skin of an aircraft and mark the location
and size of any cracks [2].
Depending on which aircraft structure the fatigue crack occurs in, different
methods are used for repair. For simple structures, a stress relief hole can be drilled to
temporarily stop the crack from growing (by blunting the crack tip). Obviously, this is
not an acceptable method for repairing fatigue cracks in the fuselage, as it is not generally
a good idea to drill holes in the fuselage. Depending on the location of the crack, doubler
plates may be installed for stress relief, or parts may simply be replaced.
The testbed used for the in-flight data acquisition was a Cessna T-303 Crusader
aircraft (Figure 1.1). It is ironic to note that the in-flight data acquisition involving this
aircraft was prematurely terminated because of the discovery of damaging fatigue cracks
in the wing ribs. Data acquisition could not be fully completed because the aircraft was
sold as a result of these cracks. Once developed, the system utilized in this research
could have monitored these cracks in flight while the airplane was returning for repairs.
The ability to detect a growing fatigue crack and identify its location is
fundamental to reducing the maintenance costs associated with aircraft ownership and at
the same time improving aircraft safety. Acoustic emission testing has been employed in
order to detect signals as they grow. In order to detect a fatigue crack in an in-flight
environment, it is necessary to determine the characteristics of such a signal.

The

problem arises from the fact that amongst the crack signals, there also exist signals due to
plastic deformation and rubbing, including rivet fretting and bearing failure.

Neural

networks have been employed to separate these signals and classify them as to the
appropriate mechanism.

3

Figure 1.1. Cessna T-303 Crusader testbed aircraft.

The experimental research associated with this study consisted of two segments.
The first segment dealt with the testing of a fatigue crack growth specimen in a controlled
laboratory environment. The second segment of the research involved the testing of an
identical specimen installed in the empennage of a flight test aircraft.
For the laboratory research, the test specimen (Figure 1.2) was equipped with two
wideband AE transducers, which were spaced a distance of 9 inches apart.

The

transducers were glued to the surface of the specimen for acoustic coupling and then
connected to a data acquisition card inside of a personal computer. One end of the
specimen was attached to a fixed post, while the other end was attached to a shaker table.
The shaker table was programmed to cycle the fatigue crack specimen a peak-topeak distance of 0.50 inch and was set to sweep at a frequency of 2 Hz. During the lab
tests, several data files were recorded. These data files were in turn analyzed in order to
sort out crack signals from plastic deformation and mechanical noise signals.
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Figure 1.2. Experimental test setup.

The second segment of the test involved mounting a similar fatigue crack growth
specimen in the empennage of the aircraft.

This specimen served as a redundant

structure, as it was not installed to replace any structure of the aircraft. Data was taken
for a total of 12 files representing various segments of flight, including taxi, takeoff,
steady level flight, rolls, and Dutch rolls. The purpose of both roll maneuvers was to
impose significant aerodynamic loads on the empennage.
The fundamental goal of this research was to lay the groundwork for an in-flight
fatigue crack growth monitoring system for aircraft structures. The research presented
herein was based on identifying fatigue cracks in internal aircraft structures such as wing
spars. A concurrent research project involved monitoring fatigue cracking in the skin of
an aircraft [3]. The results of these research projects will be used as the basis for a crack
monitoring system currently under development.
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2.0

ACOUSTIC EMISSION

Acoustic emission (AE) testing is the fundamental tool used in this research.
Acoustic emissions are typically referred to as sound waves, but more appropriately, they
are stress waves. A stress wave is a wave that propagates through a medium as a result of
a sudden release of energy [4]. As a method of nondestructive testing, AE is somewhat
underutilized. Acoustic emission has been around for many years, but only recently has
it begun to gain more appreciation.
The major advantage to AE testing is that it is a non-invasive type of examination.
It is not necessary to remove a specimen from its working environment in order to
analyze it. With other types of nondestructive testing, ultrasonic for example, it is
necessary to inject a signal into the part and look for anomalies in the received signal,
which is not always practical when searching for fatigue cracks in an aircraft. This is a
major factor when one considers that the types of structures studied in this research are
structural components of the aircraft, and removing them is not always possible.
One major disadvantage of AE testing is that it is a passive testing procedure. In
order to generate a stress wave, the specimen must be loaded in some fashion. This
limitation is one reason that AE testing has been slow to gain widespread appreciation in
the nondestructive testing community.

Also, it is necessary to destructively test a

specimen in order to develop a reference set of what a particular stress wave looks like.
Because of varying transport properties of different materials, an understanding of the
properties of materials to be analyzed is required.
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2.1

Acoustic Emission Waveform Parameters
Acoustic emission waveforms can be classified by using a variety of parameters.

The technique of AE study requires the quantification of the waveform parameters of a
particular waveform as recorded by the computer interface (Figure 2.1).

Threshold

Duration
1 2 3 4 5

6 7

8

9

10

Counts

Figure 2.1. Typical acoustic emission waveform.

There are six parameters commonly used to quantify AE waveforms.

The

primary parameter is the amplitude of the waveform signal. This value represents the
maximum amplitude of the waveform at its peak. The amplitude is recorded as a voltage
and is measured in decibels (dB). In the analysis of a structure, an amplitude threshold is
commonly set. This threshold serves as a dividing line, determining which signals will
be recorded, and which will be neglected based upon their peak amplitudes.

The

threshold is a useful setting for filtering out low amplitude signals such as background
noises. Setting the threshold amplitude is an important step, as too low a threshold will
flood the data acquisition system with meaningless data.

The duration of a waveform is measured from the point the signal first passes the
threshold to the point where it finally falls below the threshold and is measured in
microseconds (|is). The energy of a waveform is a function of both the amplitude and the
duration. Acoustic emission energy is defined as the area under the rectified waveform.
Counts are a function of the duration and are equivalent to the number of times the
waveform passes the threshold. Counts to peak represents the number of counts from the
time the waveform passes the threshold to the point where the amplitude reaches a peak,
and the rise time is the amount of time it takes to do this.
All of these AE parameters can be used to differentiate between different types of
mechanisms.
parameters.

Each individual mechanism will possess a unique set of waveform
The purpose of this study is to identify fatigue cracks; therefore, the

waveform associated with a fatigue crack is of particular importance here.

2.2

Data Acquisition and Digital Signal Processing
Since acoustic emission analysis involves the investigation of waveforms, the

advent of computer technology has greatly impacted the growth of the field. It is possible
to use digital signal processing (DSP) to convert the waveforms into computer code.
Digital signal processing is the process by which an analog waveform is converted into a
discrete approximation of the analog signal The quality of the computer and the sample
rate of the processing are important considerations. For better data acquisition resolution,
the storage capacity of the computer increases. An understanding of the data acquisition
system is necessary in order to realize the process of converting an analog signal into a
digital representation (Figure 2.2).
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Figure 2.2. AE data acquisition system.

As shown in the diagram, included in the AE data acquisition system is a filter for
each transducer used. It is important to understand that the AE system will record
everything it "hears" unless it is told to disregard a particular type of event. It is a crucial
beginning step to determine all possible sources of background noise so that those
sources can be filtered out from the rest of the signals. There are many sources of
background noise, both in the lab and the in-flight environment (Table 2.1).
The laboratory test involved testing a specimen attached to a cyclic MTS tensile
test machine as well as a shaker table. There were many possible sources of background
noises in the lab, which were identified and filtered out. For example, the fluorescent
lighting in the lab emits a high frequency wave, which can impact the data acquisition
system through radiation and simple electrical conduction.

These high frequency

electromagnetic interference (EMI) signals can be filtered out using a low-pass filter.
The presence of mechanical noise was very obvious in the lab during the tests
associated with the MTS machine. The MTS machine operates using a hydraulic system
to deliver a force to the collar, which our specimen was attached to. Some of these
concerns were alleviated by the fact that the hydraulic servo was mechanically isolated
from the actual test platform by the use of hoses, rather than mechanical connections.

Nonetheless, there was a significant amount of hydraulic noise that was filtered out by
the use of low-pass filters.
A constant source of background noise observed in all aspects of the laboratory
tests was the presence of mechanical noise. This mechanical noise was present in the
MTS tests as well as the shaker table tests. Because of the construction of the test
specimen, and the fact that a fatigue test was being performed, there was a significant
amount of mechanical noise emanating from the structure itself. These sources of noise
were mechanisms such as rivet fretting and bearing failure. The goal of our test was not
to totally eliminate these signals, as their presence in the airplane is of great importance;
therefore, they were not filtered out. However, there were other sources of mechanical
noise present, which were not necessarily directly associated with the test structure.
Cyclic noise was an obvious source of mechanical noise in our test setup. Due to
the fact that the MTS tensile test machine secures a specimen by using a hydraulically
operated grip, there was noise associated with the rubbing between the specimen and the
grip. A high pass filter was used to eliminate as much of the mechanical noise as
possible, while not removing noise associated with rivet fretting and bearing failure [5].
There was also a substantial amount of noise present during the in-flight test. In
addition to the mechanical noise present in the laboratory tests, there was EMI noise
present in the in-flight tests as a result of the tail beacon. There was also a source of
mechanical noise resulting from the fact that control cables run throughout the
empennage. These control cables are used to operate control surfaces such as the rudder.
In addition, the noise associated with turbulent airflow over the control surfaces imposes
a source of noise that is very difficult to eliminate.
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Table 2.1. Sources of background noise.
Laboratory Test
Noise Source
Noise Type
Fluorescent Lights
EM
MTS Hydraulics
Hydraulic Noise
Grip Rubbing
Mechanical Noise
Rivet Fretting
Mechanical Noise
Bearing Failure
Mechanical Noise

In-Flight Test
Noise Type
Noise Source
Tail Beacon
EMI
Mechanical Noise
Control Surfaces
Interface Rubbing Mechanical Noise
Mechanical Noise
Rivet Fretting
Mechanical Noise
Bearing Failure

A graphical representation of acoustic emission activity is quite useful in
qualitatively examining the data gathered during the tests.

There are several

combinations of the six parameters recorded, in addition to the variants derived from
these parameters, which are commonly used to determine the presence of various
mechanisms in a data set (Figure 2.3). An analysis of these graphs provides evidence that
there are at least a few distinctly discernable mechanisms.
Massively Instrumented Sensor Technology for Received Acoustic Signals
(MISTRAS) software from Physical Acoustics Corporation (PAC) was used for data
acquisition. The MISTRAS software provides real-time analysis of the data. Thus, it is
possible to study the incoming signals as they occur.

This is quite beneficial for

monitoring structures. For example, acoustic emission analysis is commonly conducted
on pressure vessels. It is possible to determine, from the real-time analysis of data, that a
leak is occurring and that failure is imminent. Such information is invaluable because it
allows the operator to relieve pressure before irreparable damage occurs. This same
technology is also beneficial for this research, as the goal is to identify fatigue cracks. It
is beneficial to know that a fatigue crack is growing, and to what extent, while the aircraft
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is still in flight. The detection of a critical defect at the earliest possible time is a key in
the goal of saving lives and property, and minimizing maintenance costs.
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Figure 2.3. Graphical representation of AE data.

Four excellent plots used to qualitatively discern the presence of AE mechanisms
in a data set include duration vs. amplitude (Figure 2.3a), counts vs. energy (Figure 2.3b),
duration vs. counts (Figure 2.3c), and hits vs. amplitude (Figure 2.3d). The first three
graphs show that there are three clearly visible mechanisms. Analysis of the fourth
graph, hits vs. amplitude, requires closer observation. It is possible to fit distributions to
this plot. The distributions represent individual mechanisms that tend to overlap each
other. Nonetheless, these distributions provide valuable information on the amplitudes of
the constituent waveforms. Further analyses of acoustic emission data are included in the
Results and Analysis section of this presentation.
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3.0

NEURAL NETWORKS

The purpose of this research was to develop a method for identifying acoustic
emission signals from fatigue cracking. It was, therefore, necessary to implement a
system to classify acoustic emission signals, as they are received, as either fatigue cracks
or other known mechanisms.

Several methods of classification have been studied,

including the statistical method of cluster analysis. It was determined through previous
research that neural networks offer the best method for complex classification.
The need for an appropriate tool arises from the fact that AE signals are extremely
complex. It is not possible to classify the signals based on one or two parameters since
AE waveforms are complex signals, having six recorded quantification parameters. The
ability of neural networks to accurately classify multivariate signals with an automated
process makes the choice a simple one.
A neural network is a massively parallel system used for data processing. Neural
networks get their name from the fact that they closely mimic the operation of the human
brain. The human brain is the most powerful computing device known to man. The key
component of the human brain that facilitates the processing of data is the neuron. This
biological neuron is a formidable mechanism, composed of dendrites, soma, and axon [6].
Dendrites are the data collection components of the neuron, as they gather data from
other neurons. The main purpose of the soma is to sum the incoming data; hence, the
name soma, for sum. The axon is the transmitter of the neuron. Its purpose is to send a
signal to other neurons.
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There are quite a few similarities between biological neurons and the artificial
neurons, which are at the heart of neural networks. Because of the fact that a method for
classification of signals was required, it was necessary to choose an artificial neural
network that was well suited to the task. The Kohonen self-organizing map (SOM) was
chosen because of its excellent classification ability.

3.1

The Kohonen Self-Organizing Map
In order to understand how classification is accomplished, it is necessary to

understand how a neural network operates. The most basic aspect of a neural network is
that it accepts input data through input neurons. In the case of the Kohonen selforganizing map used for the fatigue crack analysis, the AE parameters recorded through
digital signal processing were applied to the input neurons. The six input neurons are the
AE parameters: amplitude, duration, counts, energy, rise time, and counts to peak.
The function of a self-organizing map is to operate as a topological map.
Basically, the output of the map is a graphical representation of the input data. For the
purpose of the classification performed by this analysis, the main concern is to
distinguish fatigue crack data from the other mechanisms present in the data

It is

therefore possible to train a neural network to distinguish between many separate
mechanisms. Since the concern of the analysis is dealing with a small set of mechanisms,
care was taken not to overcomplicate the output layer of the SOM, because
misclassification can be the result of too high a resolution. Therefore, a small neural
network consisting of a 1 x 3 (1-D) Kohonen layer was used (Figure 3.1), giving the
network only three choices for classification.
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Since the output of the SOM is a graphical representation of data, it takes the form
of a scatterplot showing visual clustering of data. The ability to visualize the output data
allows the component mechanisms to be readily identified. The only function served by
the output layer is to generate the visual data; no computation is done within this layer.

(*)

(y)

Output Layer

3 ) Kohonen Layer

CP1 Input Layer
Figure 3.1. Sample Kohonen self-organizing map.

The SOM depicted shows the three Kohonen neurons. The selection of these
neurons is further described in Section 4. Neuron 1 is used to classify a signal as the
desired fatigue crack mechanism. All signals classified as Mechanism 2 are defined as
plastic deformation signals, while the signals classified as Mechanism 3 represent
mechanical noise.

The classification offered by Mechanism 3 is somewhat vague,

however, because this analysis is predominantly concerned with the classification of
fatigue cracks. Further classification of component mechanical noise mechanisms, such
as rivet fretting and bearing failure, is left for future research.
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3.2

Training a Kohonen SOM
In order for a neural network to be used for classification, it must first be trained,

just as the human brain must learn in order to develop computational and decisionmaking skills. The connections between the input layer and the Kohonen layer represent
weights that are used for training [6]. Initially, the weights are a collection of random
numbers ranging from 0 to 1. As data enters the network, the weights are updated as the
network learns. The updating of the weights is a mathematical function relating to the
minimum Euclidean distance between the input variables and a particular neuron. The
weights are updated according to the composition of the vector stored within the
Kohonen neuron, after which the next set of input variables is processed. This process is
continued until all of the training vectors have clustered into three clearly definable
regions, at which point the network has been trained. The size of the neural network
implemented in this research was rather small. However, it is very powerful.

3.3

Testing Data with a Kohonen SOM
The data from the laboratory tests were used to train the network. An analysis of

the data provided a reference set of what a particular mechanism 'sounds' like. After the
network was trained, the testing proceeded. The data obtained from AE software is timeordered. Therefore, the network classified signals in the order they were recorded. The
testing of data with a neural network is very similar to the training. The key difference
between testing and training is that during testing, the weights are no longer updated.
They remain constant, and the signals are classified by the neurons according to the
initial six input variables.
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4.0

LABORATORY SETUP

The first part of this analysis was to study a structure that was cycled in order to
grow a fatigue crack in a controlled laboratory environment. This was accomplished
using two different methods. The first method involved the cycling of the structure in an
MTS tensile test machine. The second method involved the cycling of a similar structure
using a shaker table. The structure was equipped with two wideband acoustic emission
transducers (Figure 4.1).

These transducers were wired into a computer running

MISTRAS in order to display real time results of the test.

Figure 4.1. Experimental test setup.

The specimen tested was a simple support, common in design to many aircraft
structures. It was constructed of 7075-T6 aluminum bent into a channel configuration.
The specimen is a classic support structure used in such parts of an airplane as a frame
station or a wing station. The acoustic emission transducers were mounted in a 1/3 to 2/3
distance relationship on the structure. The purpose of this type of configuration was to
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facilitate the time difference that will occur due to the fact that it will take an acoustic
emission signal from the stress concentration notch longer to reach Channel 2 than
Channel 1. If the transducers were mounted at an equal distance, the signals would reach
both transducers at the same time, confusing the location analysis.

4.1

MTS Tensile Test Machine
For the first laboratory test an MTS tensile test machine was used. One end of the

specimen was attached to a rigid support structure. The other end of the specimen was
secured to the lower grip of the machine (Figure 4.2).

The MTS machine was

programmed to displace a peak-to-peak distance of 0.50 inch at a frequency of 2 Hz. Two
PAC WDI-AST wideband transducers, attached to the specimen, interfaced to a computer
via a PAC AEDSP-32/16B digital signal processor.

The computer was running

MISTRAS 2001 for acoustic emission data acquisition. The transducers were configured
as Channels 1 and 2. An amplitude threshold of 30 dB was set, and a series of AE data
files were recorded.

Figure 4.2. MTS equipment setup.
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4.2

VTS Shaker Table
For the second laboratory test, a VTS shaker table was used. One end of the

specimen was firmly attached to a rigid support structure. The other end of the specimen
was bolted to a vertical post attached to the table (Figure 4.3). The VTS machine was
programmed to displace a peak-to-peak distance of 0.50 inch at a frequency of 2 Hz, and
the AE data acquisition and equipment setup was as described previously (Section 4.1).
A third test was performed using the VTS shaker table and is discussed further in Section
7.0.

Bolt

AE Transducer
x

Specimen Fatigue
Crack

Figure 4.3. VTS equipment setup.
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5.0

IN-FLIGHT SETUP

The second part of this analysis was to monitor a specimen, identical to the
laboratory specimen, during flight.

The goal of the second series of tests was to

determine if it was possible to record AE signals in-flight. Like the laboratory specimen,
the in-flight specimen was constructed of 7075-T6 aluminum bent into a channel
configuration. Figure 5.1 shows the specimen equipped with two WDI-AST wideband
acoustic emission transducers and installed in the empennage of the Cessna T-303
Crusader [7]. These transducers were wired into a portable computer running MISTRAS
in order to display real time results of the test. The portable computer received power
from two portable battery packs; it did not receive power from the plane.

Figure 5.1. In-flight test setup.
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Data were recorded during a variety of in-flight tests. Test maneuvers included
taxi, takeoff, steady level flight, rolls, and Dutch rolls. However, the collection of data
during in-flight tests was limited to a single flight. The primary reason for the limited
data collection was due to the fact that fatigue cracking in the wing ribs led to the sale of
the aircraft. Another limitation to the ability to collect data arose from FAA regulations.
Due to the fact that the installation of the fatigue specimen was deemed by the FAA to be
an experimental modification, student pilots were prohibited from operating the aircraft.
Moreover, because the installation of the fatigue specimen was considered an
experimental modification, extensive pre-installation tests were required. The FAA also
required that a Designated Engineering Representative sign off on the proposed
installation.

Consequently, there was not sufficient time available to conduct the

structural tests required for the installation of a fatigue specimen on an alternate aircraft.
One other disappointment surfaced during the in-flight tests. The amplitude
threshold was set to 10 dB for the first test. It was expected that additional flights would
be possible and would be conducted with higher thresholds. Since these flights were not
conducted, the data collected was limited to the 10 dB set. The ramifications that
resulted from this fact and the solutions developed to resurrect the data are explained in
greater detail in Section 6.0. Overall, it was found that the data collected during the inflight test contained sufficient variety to be analyzed, i.e., the AE transducers were able to
record fatigue crack signals.
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6.0

RESULTS

The results obtained during the laboratory and in-flight tests were analyzed using
both AE and neural networks. The results from the laboratory test were used to train the
neural network. The data from the in-flight test were tested in the neural network in
order to classify the signals as cracks, plastic deformation, or mechanical noise. The first
step in the analysis of the results recorded during the laboratory tests was a study of the
AE data.
Source location is a very beneficial asset of acoustic emission testing. An AE
signal is essentially a stress wave traveling through a solid medium. Depending on the
material through which the wave propagates, there is a particular velocity at which the
wave travels. The material used throughout the tests, 7075-T6 aluminum, is a very
popular alloy in the aerospace industry. There are several types of waves that propagate
through such mediums. Since the material used throughout the tests was 0.040 inch thick
sheet, the main concern was with Lamb waves, which are the stress waves that are found
in thin plates or sheets.
One problem encountered in acoustic emission study is attenuation of waves that
propagate through a medium. Attenuation simply means that as a wave propagates
through a medium, there is a deterioration in the amplitude of the signal. The major
concern involved with thin plates is the problem of dispersion. Dispersion differs from
attenuation in that dispersion causes not only the amplitude, but also the shape of the
waveform to change as different frequency components travel at different speeds.
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The velocities at which waves travel through a medium are a key consideration
when dealing with source location. The most fundamental velocity at which waves travel
in thin plates is plate velocity [8]. In order to calculate plate velocity, the transverse or
shear wave velocity, c2, must first be determined for 7075-T6 aluminum:
c 2 = J ,E x=1.22xl05^.
V2p(l + v)
s
The plate velocity is a function of transverse velocity, and is calculated as follows for
7075-T6 aluminum:
c p = c22 J - ^ - = 2 . 1 1 x l 0 5 —.
Vl-v
s
Finally, the largest energy component of the plate velocity is the first longitudinal plate
mode. For 7075-T6 aluminum, it was calculated to be
c « 0.91c =1.92xl0 5 —.
s
This value was found to be accurate, because when used in the location analysis,
it correctly indicated activity emanating from the stress concentration notch. The basic
theory behind source location with acoustic emission is that a wave travels at the same
velocity in all directions, similar to the way water ripples when an object is dropped into
it. When two or more AE transducers are present in a system, source location is possible.
The acoustic emission software will record a signal as it reaches a transducer. Based on
the difference in time (At) it takes for the signal to reach subsequent transducers, it is
possible to calculate the origin of the signal by knowing the spacing between transducers
and the speed at which waves propagate [8].
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A major consideration involved in the testing process is the determination of what
a crack signal looks like. The purpose of conducting a lab test was to determine the AE
parameters associated with fatigue cracking, plastic deformation, and mechanical noise.
A method for determining these parameters had to be developed. Source location offers
an excellent opportunity to conduct this analysis and was the method of choice herein.
Due to the design of the specimen, it was safe to assume that all of the crack
signals would originate at the stress concentration notch in the center of the specimen. It
was also assumed that there would be a great deal of plastic deformation originating from
an area in close proximity to the stress concentration notch. By using source location, it
was possible to look at signals originating from the center section only (Figure 6.1). It
was also reasonable to assume that all signals found in this location were either cracking
signals or plastic deformation signals and not mechanical noise.

Source Location Zone

NQ
AE Transducer

Specimen Fatigue
Crack

AE Transducer

Figure 6.1. Source location zone.

A brief understanding of AE parameters leads to the realization that plastic
deformation signals do not have the same acoustic emission parameters as cracking
signals. The key differentiation between these two types of signals is amplitude. Fatigue
crack signals possess higher amplitudes than plastic deformation signals (Figure 6.2).
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Figure 6.2. Source location duration vs. amplitude plots.
Source location proved to be an excellent tool for differentiating mechanisms that
were present in a particular data set. Figure 6.2a shows a typical duration vs. amplitude
plot containing all three mechanisms, as verified by visual inspection. Figure 6.2b is a
plot of the exact same data, except that it was filtered using source location to contain
only fatigue crack and plastic deformation signals. Therefore, it was possible to sort
these acoustic emission signals into three categories. In Figure 6.2b, the high amplitude
signals are fatigue crack signals, and the lower amplitude signals are plastic deformation
signals. The rest of the signals (Figure 6.2a) are either plastic deformation signals or
mechanical noise.
These are the techniques that were used to classify the signals received by the
acoustic emission transducers in the laboratory tests. The rest of this section goes into
detail for each of the lab tests in order to explain all of the steps required to sort, train,
test, and classify acoustic emission signals as either fatigue cracks, plastic deformation,
or mechanical noise. These correctly classified signals were subsequently used to train a
neural network.
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6.1.

Laboratory Test #1 (MTS1)
The first laboratory test, MTS1, was conducted to identify

individual

mechanisms. There were a total of 15 files collected during this test (Table 6.1). It was
observed, after the test, that there was a fatigue crack that grew during the cycling of the
specimen. Unfortunately, the results obtained from this test were rather disappointing.
The problem with the data resulted because of an improper acoustic emission setup.
Normally, source location is a very good method for filtering data. A proper equipment
setup uses a staggered spacing of transducers (Figure 6.1)

Table 6.1. MTS 1 summary of recorded data.
File

Hits

IF750000
IF750001
IF750002
IF750003
IF750004
IF750005
IF750006
IF750007
IF750008
IF750009
IF750010
IF750011
IF750012
IF750013
IF750014

6982
7659
6724

Duration
(mm:ss)
29:07
31:56
28:03
31:06
31:40
30:21
30:03
29:07
34:14
10:45
02:20
29:51
20:11
09:42
30:05

800
13
1552
8658
12392
18714

237
22659
2498
26305
19695
1487

Threshold

dB
10
10
10
30
30
30
30
30
30
30
25
30
25
25
30

It is important to note that the stress waves associated with different mechanisms
propagate at different speeds throughout a given medium.

This first laboratory

experiment was conducted with both acoustic emission transducers located at an equal
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distance of 7 inches from the stress concentration notch. Because of this, the plastic
deformation signals and fatigue crack signals emanating from the stress concentration
notch reached both of the transducers at essentially the same time. This meant that the
time difference between signals reaching the transducers, At, was equal to 0. Varying the
wave velocity programmed into the computer had little effect on the location plot.
The second laboratory test, VTS1, was constructed to resolve this problem by
using a staggered transducer spacing with transducers oriented in a 1/3

2/3 relationship

to the crack. A benefit is gained by varying the wave velocities programmed into the
software.

Since At was no longer equal to zero, it was possible to visually see a

separation between the plastic deformation and fatigue crack signals in the location plot,
since the waves travel at slightly different velocities.
Another problem arose from the processing of the MTS1 data. Of the fifteen test
files that were created, three separate amplitude thresholds were used. The first three
files were recorded using an amplitude threshold of 10 dB. The primary reason for using
such a small value has a great deal to do with the quantity of data recorded by the system.
At a fundamental level, the threshold serves the purpose of a dividing line. Any signal
that has an amplitude peak greater than the threshold will be recorded, and any signal that
has an amplitude peak lower than the threshold will be ignored. By setting such a low
amplitude threshold, it was hoped that it would be possible to capture the entire
amplitude distribution of the data. Unfortunately, the amplitude threshold has much more
to do with the data than simply serving as a dividing line. The problem associated with
low amplitude thresholds is explained in greater detail in Section 6.4.
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The threshold was then raised to 30 dB, which has traditionally been used in
metallic structures as an initial amplitude threshold. The quality of the data was much
better using this setting. It was noticed, however, that the vast majority of the hits were
occurring between 30 dB and 40 dB. Due to the fact that during the training stage
exclusion of data was not the goal, it was decided to keep the amplitude threshold set at
30 dB. Nine of the next twelve files were recorded using this setting; the remaining three
used a setting of 25 dB.
Overall, the data gathered during MTS1 served as a verification of the testing
procedure more than an analysis set. It was determined that there was a significant
source of mechanical noise present from the MTS machine in the range of 25 dB 30 dB,
mainly from the grip noise resulting from interface rubbing between the grips and the
specimen. As a result of the high levels of noise, an alternative test setup was developed.

6.2.

Laboratory Test #2 (VTS1)
The second laboratory test, VTS1, was conducted to aid in the identification of

individual mechanisms. There were a total of 22 files collected during this test (Table
6.2). As was the case with VTS1, it was observed, during the test, that there was a
fatigue crack growing during the cycling of the specimen. The results obtained during
this test proved to be of much higher quality than the previous set of data. Not only was
their visual evidence of a fatigue crack, but also a period of crack growth was well
documented both visually and via the MISTRAS software package.
The quality of the data obtained from this test was greatly improved over the
previous test because of the change in transducer spacing.
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The use of staggered

transducer spacing provides the advantage of an exact location because in addition to the
transducers having a 1/3 - 2/3 relationship, the At's of the waveform signals also exhibit a
1/3 - 2/3 relationship. The location sorting of the data proved to be an excellent method
of filtering out all of the mechanical noise, as shown in Figure 6.2. The analyses of these
results are explained in much greater detail in Section 7.0. Of the 22 files recorded, file
19 proved to be the single best source of data recorded throughout all of the tests because
of its clearly separable data distributions, as explained in Section 7.0.

Table 6.2. VTS1 summary of recorded data.
File

Hits

TEST01
TEST02
TEST03
TEST04
TEST05
TEST06
TEST07
TEST08
TEST09
TEST10
TEST11
TEST 12
TEST 13
TEST14
TEST15
TEST16
TEST17
TEST18
TEST19
TEST20
TEST21
TEST22

4981
1569
549
2935
5949
599
513
1539
4095
375
11131
5485
3135
2226
1828
14507
15418
76510
80797
78075
87302
70563

Duration
(mm:ss)
10:00
10:00
10:00
10:00
10:00
10:00
10:00
10:00
10:00
10:00
10:00
10:00
10:00
10:00
10:00
11:00
10:00
3:30
3:30
3:30
3:30
3:00
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Threshold
dB
30
30
30
30
30
30
30
30
30
30
30
30
30
30
30
30
30
30
30
30
30
30

Notice that the threshold throughout this test was kept at a constant value of 30
dB. This was the value that provided the best data from the first test. As a result of the
quality of the data and the ease of failure mechanism separation, these data were used to
train the neural network. There were some problems, however, that resulted from the inflight tests. As a result of these problems, some modifications to the test setup were
required. The problems encountered, the details of these experimental changes, and the
resulting data set summary are included in Section 6.4. These design changes proved to
be beneficial to the quality of the training and testing.

6.3.

In-Flight Test #1 (IFT1)
For the first, and unfortunately only, in-flight test, IFT1, there were a total of 12

viable files collected (Table 6.3). As was the case in the prior laboratory experiments, it
was observed, after the test, that there was a fatigue crack that grew during the
maneuvers.

Table 6.3. IFT1 summary of recorded data.
File

Maneuver

Hits

FT701000
FT701001
FT701002
FT701003
FT701004
FT701006
FT701007
FT701008
FT701009
FT701010
FT701011
FT701012

Taxi
Takeoff
Level Flight
Level Flight
Level Flight
Dutch Roll
Roll
Roll
Dutch Roll
Flight
Landing
Taxi

1036
478
1190
1183
198
254
787
295
276
736
480
955

Duration
(mm:ss)
04:19
01:59
04:58
05:06
00:49
01:03
03:16
01:13
01:09
03:04
02:00
03:58

Threshold
dB
10
10
10
10
10
10
10
10
10
10
10
10

The most significant piece of data noted in the table is the threshold. It was
originally hoped that a low threshold setting would allow more data to be recorded by the
software.

This was the case; however, the threshold setting also affects all of the

recorded AE parameters except the amplitude. Basically, if you compare the acoustic
emission parameters of a waveform, first with a threshold of 10 dB, and then with a
threshold of 30 dB, the only one of the six acoustic emission parameters that remains the
same is the amplitude (Figure 6.3). Because of the anomalies resulting from the AE
parameter differences, a third lab test was performed.
Rise Time
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Figure 6.3. Comparison of threshold settings (10 dB).
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Threshold
10 dB

Counts

An examination of the indicated acoustic emission parameters for the waveform
captured with the 10 dB threshold shows a very typical signal. An examination of the
exact same waveform with a 30 dB amplitude threshold reveals a noticeable difference in
all of the acoustic emission parameters except for the amplitude (Figure 6.4). Those
acoustic emission parameter differences between the 10 dB and the 30 dB signals are
listed in Table 6.4. The differences present significant problems when using neural
networks to classify the signals.
L

Rise Time

^,

Threshold
30 dB
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Figure 6.4. Comparison of threshold settings (30 dB).
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Counts

The inconsistencies between the 10 dB and 30 dB data presented a tremendous
problem. The problem arises from the fact that the neural network is trained using the
laboratory data, which was collected at 30 dB. It is not possible to test the in-flight data
accurately, since the in-flight amplitude threshold was set at 10 dB. The second problem
resulting from a 10 dB threshold is actually more serious than the first. Note from a
study of Table 6.4 that the duration is significantly higher with a 10 dB threshold.

Table 6.4. 10 dB vs. 30 dB threshold.
AE Parameter
Amplitude
Duration
Counts
Energy
Rise Time
Counts to Peak

10 dB Threshold
90 dB
1850 us
18
108
1020 us
11

30 dB Threshold
90 dB
1150 us
12
67
510 us
6

There is also a limitation to the MISTRAS software that presents serious
problems. With a sample rate of 2 MHz, the software can only calculate a maximum
duration of 500,000 |us. Because of the 10 dB threshold, and the standard value for the
hit lockout time (HLT), the calculated duration of every waveform recorded during the
in-flight tests was "pegged" at 500,000 |us. The HLT is the required time delay between
threshold crossings necessary to separate a signal into two or more hits. As a result of
this, it was not possible to accurately test the in-flight data using the previously recorded
experimental data. An additional experimental testing procedure had to be developed in
order to quantify the acoustic emission parameters of a fatigue crack signal recorded with
an amplitude threshold of 10 dB. These data were used in conjunction with the previous
laboratory and in-flight data to correctly classify the failure mechanisms.
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6.4.

Laboratory Test #4 (VTS2)
Here a testing procedure was developed to correlate the acoustic emission

parameters of 10 dB and 30 dB threshold waveforms. In addition to the two wideband
AE transducers, two 150 kHz resonant transducers were added to a test specimen in order
to allow correlation of data (Figure 6.5). The resonant transducers were configured with
a 30 dB amplitude threshold. The acoustic emission parameters of these signals would
facilitate the classification of the recorded waveforms as fatigue cracking, plastic
deformation, or mechanical noise.

Rivets
©

AE Transducer
CH4 7 /
CH2/

v^

Bolt
©
^

CH3
CHI

5

Specimen Fatigue
Crack

Figure 6.5. Experimental test setup.

Two wideband transducers were also used with a 10 dB amplitude threshold. It
was determined that it would be possible to compare the signals, because a fatigue crack
signal would be recorded by both transducers at essentially the same time. As a result of
this procedure, a classifiable 30 dB signal was used to determine the acoustic emission
characteristics of a 10 dB signal. Thus, it was possible to work to properly classify the
in-flight data using the correlation gained through this testing procedure.
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A total of 15 files were created during the final laboratory test, including data
from all four transducers, the two resonant transducers, and the two wideband transducers
as shown in Table 6.5. The data recorded from this test were invaluable and provided the
missing link required to make the comparison between data sets. A detailed analysis of
the data required to classify the in-flight signals follows. The analysis takes the form of
following the steps required to train and test the neural network. The neural network was
trained using data from VTS1 and VTS2.

Table 6.5. VTS2 summary of recorded data.
File

Hits

LT01.DAT
LT02.DAT
LT03.DAT
LT04.DAT
LT05.DAT
LT06.DAT
LT07.DAT
LT08.DAT
LT09.DAT
LT10.DAT
LT11.DAT
LT12.DAT
LT13.DAT
LT14.DAT
LT15.DAT

5194
5473
7777
27009
16121
23323
25315
47135
36675
30328
26193
29736
41076
40975
18366

Duration
(mm:ss)
00:48
00:26
00:31
02:03
01:07
01:25
01:23
02:14
01:45
01:16
01:06
01:11
01:28
01:27
00:38
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Threshold
dB
10/30
10/30
10/30
10/30
10/30
10/30
10/30
10/30
10/30
10/30
10/30
10/30
10/30
10/30
10/30

7.0

ANALYSIS

The first step in the analysis was to use acoustic emission processing to determine
what a typical waveform representing each type of mechanism looked like. Location
analysis was used to filter out mechanical noise by only keeping signals occurring in the
center section of the specimen. The location analysis relied on the fact that Lamb waves
in 7075-T6 aluminum travel at approximately 1.92 x 105 in/s. In addition, the transducer
configured as Channel 1 was located three inches from the stress concentration notch,
while the transducer configured as Channel 2 was located six inches from the notch on
the opposite end of the specimen. Using this information, it was possible to develop a
location plot representing events vs. distance (Figure 7.1).

Figure 7.1. Location plot of all mechanisms.
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Notice that the plot includes events, not hits. Quite simply, an event is a signal
that reaches both transducers. In order to use location analysis, it is necessary to consider
events and not hits. As a result, there are far fewer events indicated on the location plot
than the number of total hits recorded by the software. There was also clear evidence of a
higher number of events around the 3 inch mark. These events represent fatigue cracking
and plastic deformation only. Any mechanical noise signals would show up at the far
extremes of the plot. Analyzing the duration vs. amplitude plot (including all hits) yields
a reasonably clear separation of the failure mechanism data (Figure 7.2).
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Figure 7.2. Duration vs. amplitude plot for all mechanisms.

Looking at only the signals concentrated around the stress concentration notch
yields a better representation of the data of interest (Figure 7.3). From this second plot it
is evident that location analysis provides an effective means by which to isolate these two
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mechanisms from mechanical noise. Here it also appeared that 67 dB was the dividing
line between fatigue cracking and plastic deformation. Signals with an amplitude of 67
dB or lower were classified as plastic deformation, while those with an amplitude of 68
dB or greater were classified as fatigue cracks.
The acoustic emission parameters representing these signals were also exported to
a spreadsheet and analyzed quantitatively using Statgraphics. As a result of being able to
quantitatively analyze these parameters, it was possible to collect some sample statistics
about the acoustic emission characteristics of the three failure mechanisms (Table 7.1).
These summary statistics are beneficial in determining the quality of the filtering.
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Figure 7.3. Duration vs. amplitude for cracking and plastic deformation.
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Table 7.1. Sample statistics for cracking and plastic deformation.

Amplitude
Duration
Counts
Energy
Rise Time
Counts to Peak

Plastic Deformation
n = 1104
Mean
<y
41.89
8.13
465.89
909.29
39.37
56.96
2.33
6.05
43.92
54.67
5.28
6.31

Fatigue Cracking
n = 358
Mean
CT
6.29
83.80
777.54
3425.00
127.22
412.30
242.02
389.90
140.73
217.11
17.96
30.49

In addition to the sample statistics, the standardized kurtosis [9] was studied for
each of the values. Essentially, the standardized kurtosis represents the normality of a
data set.

A kurtosis value between -2 and +2 indicates that the data is normally

distributed. It was determined that the standardized kurtosis of amplitude for plastic
deformation was 1.34841, and that for fatigue cracking was -1.48199. Since both values
lie within the range from -2 to +2, it was determined that the amplitudes were normally
distributed. According to acoustic emission theory, the amplitudes of mechanisms are
normally distributed, validating the statistical data [10].
Photographs of the fatigue specimen used in VTS1 were taken in order to
document the size and location of the fatigue crack (Figure 7.4). The photographs
indicate that a fatigue crack did indeed grow where anticipated. In addition, the color
bands of the finite element analysis (APPENDIX) closely resembled the plastic
deformation zone. The plastic deformation zone is somewhat difficult to discern from the
photograph of Figure 7.4; however, its presence along with the presence of the crack
reinforces the validity of the classification process. A similar study of the specimens
used in MTS1, IFT1, and VTS2 revealed the same type of crack growth and plastic
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deformation zones. This uniformity was beneficial when attempting to correlate data
sets.

(a)

(b)

Figure 7.4. Fatigue crack, before and after.

In order to train and test the neural network, it was necessary that a correlation
between the 10 dB and 30 dB amplitude threshold data be developed.
accomplished using VTS2.

This was

The 10 dB data were recorded using two wideband

transducers, while the 30 dB data were recorded simultaneously using the 150 kHz
resonant transducers.

Signals recorded at essentially the same time were sorted to

provide this example correlation (Table 7.2).

Table 7.2. Correlation of 10 dB and 30 dB crack signals.
AE Parameter
Amplitude
Duration
Counts
Energy
Rise Time
Counts to Peak

30 dB Threshold
84 dB
3996 us
493
397
133 ms
24
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10 dB Threshold
84 dB
500,000 us
537
653
207 ms
42

Again, the two waveforms described above are one and the same waveform
recorded at two different threshold settings. The shape of the waveform shows a high
amplitude spike, indicative of a fatigue crack signal (Figure 7.5). The sample waveform
shown is one of the fatigue crack signals recorded during the in-flight test.
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Figure 7.5. Sample fatigue crack waveform.

The same procedure was necessary in order to develop a correlation between 10
dB and 30 dB plastic deformation (PD) signals. A sample waveform was extracted to
demonstrate the obvious differences between the acoustic emission parameters with the
two separate amplitude thresholds imposed (Table 7.3).
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Table 7.3. Correlation of 10 dB and 30 dB PD signals.
AE Parameter
Amplitude
Duration
Counts
Energy
Rise Time
Counts to Peak

30 dB Threshold
42 dB
666 us
40
2
84 ms
13

10 dB Threshold
42 dB
500,000 us
97
7
95 ms
17

As with the fatigue crack signal, the two waveforms described above are actually
the same waveform.

The shape of the waveform is more uniform signal with no

amplitude spike, which is characteristic of a plastic deformation signals (Figure 7.6). The
sample waveform shown is one of the plastic deformation signals recorded during the inflight test.
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Figure 7.6. Sample plastic deformation waveform.
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350.0

450.0

The neural network was trained using the data recorded during the laboratory test.
Location analysis allowed the separation of cracking and plastic deformation signals.
The third mechanism, mechanical noise, consisted of the remaining signals that were not
classifiable via the location analysis. The training file was made up of 300 signals. Of
these 300 signals, there were equal numbers of cracking, plastic deformation, and
mechanical noise, 100 of each. These signals were gathered randomly with respect to
time.
Once the neural network had been trained, it was possible to test the in-flight data
by passing it through the network. The output of the neural network was graphed to
provide a visual representation of the classified mechanisms (Figure 7.7). The 15 inflight data files were tested one at a time.
The output file contains three distinct regions, representing the three failure
mechanisms. The first mechanism, fatigue cracking, is represented on the horizontal axis
by the number one.

The number two represents the second mechanism, plastic

deformation. Finally, the number three represents the third mechanism, mechanical noise
(MN). The values on the vertical axis are the output values of the neural network and
also serve the purpose of classifying the data (Table 7.4).

Table 7.4. Neural network output.
Mechanism
Fatigue Cracking
Plastic Deformation
Mechanical Noise

Neural Network Output
y>+0.212
-0.212 < y < +0.212
y<-0.212
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Figure 7.7. Sample neural network output plot.
The fundamental purpose of this research conducted was to prove that it is
possible to detect a growing fatigue crack in an aircraft structure. It is evident from the
summary of the in-flight results (Table 7.5) that a fatigue crack did indeed grow in the
specimen installed in the empennage of the Cessna T-303 Crusader. It is very interesting
to note that not a single fatigue crack signal was recorded during taxi, either before flight
or after; this is most certainly due to the fact that there is little to no load applied to the
tail section during taxi.
The majority of the ground loads experienced by this aircraft were experienced in
the engine compartment and landing gear and came mainly from vibration of the engine.
The ratio of mechanisms classified during the taxi maneuvers was very similar, which
came as a bit of a surprise since the maneuvers occurred so far apart. The vast majority
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of the signals recorded were plastic deformation signals. A small percentage of the
signals were attributed to mechanical noise.

The probable explanation for this

phenomenon arises from the fact that the loads are so small that there are no large
deflections, so the mechanical noise is subdued.

Table 7.5. Summary of In-Flight Results.
Maneuver Crack Events Crack %
Taxi
0
0.0%
Takeoff
69
14.4%
Flight
277
23.3%
Flight
1
0.1%
Flight
7
3.5%
Dutch Roll
10
3.9%
Roll
40
5.1%
Roll
212
71.9%
204
Dutch Roll
73.9%
Flight
472
64.1%
Landing
11
2.3%
Taxi
0
0.0%

PD Events
963
250
515
782
104
113
383
52
42
160
331
895

PD%
93.0%
52.3%
43.3%
66.1%
52.5%
44.5%
48.7%
17.6%
15.2%
21.7%
69.0%
93.7%

MN Events
73
159
398
400
87
131
364
31
30
104
138
60

The fatigue crack activity begins to rise during takeoff.

MN%
7.0%
33.3%
33.4%
33.8%
43.9%
51.6%
46.3%
10.5%
10.9%
14.1%
28.8%
6.3%

This seems quite

reasonable, as there are higher loads present in the empennage during takeoff, possibly as
a result of crosswinds. The percentage of signals resulting from mechanical noise also
increases and may also be attributable to the higher loads. There is a relatively similar
breakdown of mechanisms during landing.
The crack signals then increased during steady level flight. However, the signals
subsided during the initiation of the rolling maneuvers. This was not expected, but could
be attributed to the crack growth being stopped by a grain boundary. The mechanical
noise signals continue to increase during the early rolls, indicating there is rivet fretting,
bearing failure, and interface rubbing present under increased loading conditions.
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During the second roll, the fatigue crack activity began to increase at a rapid rate,
peaking during the final Dutch roll.

The Dutch roll is a maneuver that imposes

tremendous aerodynamic loads on the aircraft, especially the empennage.

These

increased loads were the main reason that the crack activity increased at such a rate. This
higher rate of crack activity was accompanied by a reduction in the presence of
mechanical noise as well as plastic deformation. Returning to steady level flight led to a
reduction in the crack signals, followed by landing, where the falloff continued.
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8.0

CONCLUSIONS & RECOMMENDATIONS

As stated throughout this paper, the fundamental goal of the research conducted
was to develop a method to monitor aircraft for growing fatigue cracks while in flight. It
has been shown that it is indeed possible to monitor fatigue crack signals in a noisy
environment using acoustic emission transducers. The first step in this research has been
completed, but there are further studies that can be done to improve upon and further the
work.
The neural network employed in this research was found to be effective, though it
had its shortcomings. The small size of the network was designed to classify all signals
as fatigue cracking, plastic deformation, or mechanical noise. A larger network should be
employed in order to classify the constituent signals associated with these mechanisms
(Table 8.1).

Table 8.1. Constituent signals of mechanisms.
|

Mechanism

Constituent Signal
Crack Initiation
Inclusion Fracture
Brittle Deformation
Ductile Deformation
Rivet Fretting
Bearing Failure
Interface Rubbing

Fatigue Cracking
Plastic Deformation
Mechanical Noise

It would be beneficial to employ a network that considered the patterns present in
the waveform instead of just the acoustic emission parameters. Such a development
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would alleviate the problems associated with differences in amplitude thresholds.
Frequency spectrum analysis might also be considered.
The possibility of a software based threshold analyzer should also be considered.
Employing such a program could solve the problems encountered that were associated
with inconsistencies in the amplitude thresholds. The software would have the ability to
compute the AE parameters associated with input waveforms for any threshold specified.
This advance would benefit the neural network classification.
There were not enough in-flight tests run in order to gain a complete
understanding of the types of mechanisms associated with the maneuvers. Unfortunately,
due to fatigue cracking in the wing ribs, the in-flight trials were ended far too soon. It
would be of extreme benefit to conduct further in-flight trials. In addition, further testing
should include the monitoring of other aircraft structures. Particular aircraft structures
that are prone to certain types of damage, the wing ribs of the Cessna T-303 Crusader for
instance, should be monitored.
Statistical methods of classification should be considered.

Cluster mapping

would provide a means by which to verify the results obtained through the neural
network analysis.

Once a verification of the process has been conducted, the

development of proprietary neural network code can be initiated.
In conclusion, this research proved to be a valuable first step in the development
and eventual deployment of an in-flight fatigue crack monitoring system for aircraft
structures. Further study will greatly benefit the speed at which such a system can be
employed. Once deployed, we will be one step closer to the day when aging aircraft
problems are a consideration of the past.

48

9.0

REFERENCES

1.

21st Centurv Jet: The Building Of The 777. Dir. Karl Sabbagh.
Productions, 1995.

2.

Carlyle, John. Address. Acoustic Emission Testing of Aircraft. Daytona Beach,
FL, April 21, 1998.

3.

Vaughn, Samuel G. III. "In-Flight Fatigue Crack Monitoring of an Aircraft
Engine Cowling." Thesis. Embry-Riddle Aeronautical University, 1998.

4.

Pollock, Adrian A. "Acoustic Emission Inspection." Metals Handbook. Ninth
Edition, Vol. 17, 1989. pp. 278-292.

5.

Spanner, Jack C , et al. "Fundamentals of Acoustic Emission Testing."
Nondestructive Testing Handbook (2nd ed.): Acoustic Emission Testing; v. 5.
Eds. Ronnie K. Miller and Paul Mclntire. Columbus, OH: American Society for
Nondestructive Testing, 1987. pp. 1-41.

6.

Fausett, Laurene V. Fundamentals of Neural Networks. Englewood Cliffs, NJ:
Prentice-Hall, Inc., 1994. pp. 5-7, 169-175.

7.

Demeski, Robert J. Cessna T303 S/N T30300260 - Installation and Design
Substantiation for In-Flight Safe Life Monitoring Specimen. Daytona Beach, FL:
Embry-Riddle Aeronautical University, 1997.

8.

Egle, Davis. "Wave Propagation." Nondestructive Testing Handbook (2nd ed.):
Acoustic Emission Testing; v. 5. Eds. Ronnie K. Miller and Paul Mclntire.
Columbus, OH: American Society for Nondestructive Testing, 1987. pp. 115116.

9.

Walpole, Ronald E., Myers, Raymond H., and Myers, Sharon L. Probability and
Statistics for Engineers and Scientists. Upper Saddle River, NJ: Prentice-Hall,
Inc., 1998. pp. 114-178.

10.

Kouvarakos, M. and Hill, Eric v. K., "Isolating Tensile Failure Mechanisms in
Fiberglass/Epoxy from Acoustic Emission Signal Parameters."
Materials
Evaluation, v. 54, no. 9, 1996. pp. 1025-1031.

11.

"Aluminum Reynolds 7075b Uns_A97075 75f Temper_T6 - Aircraft Structure."
CenBASE/Materials on WWW. Online. Internet. 1995.

49

Skyscraper

APPENDIX

50

FINITE-ELEMENT ANALYSIS

A thorough study of the stresses present in the specimen was conducted in order
to quantify the types and magnitudes of stresses seen by the fatigue crack growth
specimen. The specimen was modeled using the solid modeling functions of FEMAP 5.0
and was analyzed using NE/NASTRAN 4.01. There are certain material properties that
need to be determined in order to complete a finite element analysis. The test specimen
was constructed of 7075-T6 aluminum for which the material properties given in Table
A.1 apply. These values were entered into the software in order to assure that the
computer model performed like the actual specimen.

Table A.1. Properties of 7075-T6 Aluminum [11].
Material Property

Value

Young's Modulus, (psi)

1.04E+07

Shear Modulus, (psi)

3.91E+06

Poisson's Ratio, v
Density (lbm/in3)

0.33
0.101

A solid meshing technique was employed in order to analyze the complex
geometry of the specimen. The meshing consisted of 4706 solid elements. Since the
type of analysis consisted of solids, the three dimensional tetrahedron elements each
consisted of four nodes (Figure A.1). The placement of nodes were biased around the
stress concentration notch at the center of the specimen, in addition to the rivet and bolt
holes. This placement assured that an accurate analysis of the maximum stresses present
at the points would occur.
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Figure A.1. Four-noded tetrahedron.

The two rivet holes on the right end of the specimen were modeled as fixed
constraints at the inner surface of the holes. The bolt hole on the free end of the
specimen was given a downward displacement of 0.25 inch. The displacement was
applied at the inner surface of the hole. The constraints were entered, and a finite
element model of the specimen was generated (Figure A.1). This model shows the
distribution of the maximum stress and the contour of the beam under the deflection.
Upon completion of the analysis, an interesting observation was made. The stress
color shades present at the stress concentration notch closely represented the plastic
deformation zone present on the actual specimen (Figure A.2). It appeared from this
result that a finite-element model can be used to predict the location and shape of plastic
deformation regions. A further analysis of this phenomenon should be conducted in
order to validate the findings.
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Figure A.2. Finite element model of the test specimen.
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Figure A.3. Finite element predicted plastic deformation region.
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